The unannotated regions of the Escherichia coli genome DNA sequence from the EcoSeq6 database, totaling 1,278 'intergenic' sequences of the combined length of 359,279 basepairs, were analyzed using computer-assisted methods with the aim of identifying putative unknown genes. The proposed strategy for finding new genes includes two key elements: i) prediction of expressed open reading frames (ORFs) using the GeneMark method based on Markov chain models for coding and non-coding regions of Escherichia coli DNA, and ii) search for protein sequence similarities using programs based on the BLAST algorithm and programs for motif identification. A total of 354 putative expressed ORFs were predicted by GeneMark. Using the BLASTX and TBLASTN programs, it was shown that 208 ORFs located in the unannotated regions of the E.coli chromosome are significantly similar to other protein sequences. Identification of 182 ORFs as probable genes was supported by both GeneMark and BLAST, comprising 51.4% of the GeneMark 'hits' and 87.5% of the BLAST 'hits'. 73 putative new genes, comprising 20.6% of the GeneMark predictions, belong to ancient conserved protein families that include both eubacterial and eukaryotic members. This value is close to the overall proportion of highly conserved sequences among eubacterial proteins, indicating that the majority of the putative expressed ORFs that are predicted by GeneMark, but have no significant BLAST hits, nevertheless are likely to be real genes. The majority of the putative genes identified by BLAST search have been described since the release of the EcoSeq6 database, but about 70 genes have not been detected so far. Among these new identifications are genes encoding proteins with a variety of predicted functions including dehydrogenases, kinases, several other metabolic enzymes, ATPases, rRNA methyltransferases, membrane proteins, and different types of regulatory proteins.
INTRODUCTION
The fraction of the Escherichia coli genome available as nucleotide sequence is now over 60% and the completion of the chromosome sequence is expected within the next two to three years (refs. 1,2 and K.E.R., unpublished). The importance of a comprehensive description of the information content of this genome is obvious. Generally, genetic information is tightly packed in bacterial chromosomes. Nonetheless, a significant proportion of the E.coli genome sequences is in unannotated regions containing no recognized genes. In the EcoSeq6 database (2,3) such regions comprise 359,279 basepairs (bp) of the total of 1,975X10 6 (19%) . In an E.coli genome project, the definition of a 'gray hole', a large (at least several hundred bp) region of the chromosome devoid of known genes or long open reading frames has been introduced (4) . With the goal of a complete description of the E.coli gene repertoire in mind, it is important to find out which of the unannotated sequences contain no genes and which actually include genes that have so far escaped detection. There may be several reasons for the failure to identify some genes in original sequencing studies, including presence of only partial open reading frames (ORFs) in the determined sequences, small size of some genes, frameshifts and other sequencing errors, and utilization of unusual initiation codons.
Computer-aided approaches to gene identification may be divided into 'intrinsic' and 'extrinsic'. The intrinsic approach includes evaluation of certain properties of the DNA sequence without explicit referral to other sequences. The relevant properties include, obviously, the length of an ORF, codon usage, the presence or absence of the ribosome-binding (ShineDalgarno) sequence at the appropriate distance upstream of the initiation codon, and various more subtle statistical characteristics that are believed to be typical of expressed genes as opposed to non-coding regions. Such approaches to bacterial gene prediction have been proposed already at the onset of DNA sequencing (5) (6) (7) (8) (9) (10) (11) (12) (13) . Although there has been no optimal solution commonly recognized as sufficient for the practical purposes of gene identification, the problem of finding bacterial genes lately has been overshadowed by the problem of finding exon boundaries in eukaryotic genes interrupted by introns. To this end, several sophisticated approaches using neural networks and dynamic programming have been suggested (14 -22) . Nonetheless, a reliable method for predicting protein coding capacity of DNA sequences regardless of the exon/intron organization remains a very important goal. A recent comparison of the accuracy of a number of such methods (23) has demonstrated the top performance of measures using hexamerin-phase counts.
The GeneMark method is based on oligonucleotide-in-phase statistics with no restriction on the oligonucleotide size (24, 25) . Phased (non-homogeneous) Markov models are used in GeneMark for protein-coding sequences and for non-coding sequences complementary to coding regions. Ordinary (homogeneous) Markov models are used for those non-coding sequences whose complements do not code for a protein either. Parameters of the non-homogeneous Markov models are derived from oligonucleotide-in-phase counts in a training set of coding sequences, whereas the parameters of homogeneous models are defined using total oligonucleotide counts in a non-coding training set (24, 25) . The larger the training set, the longer the oligonucleotides for which statistics can be reliably derived and accordingly, the higher the order of the Markov model that can be used in the algorithm. The currently available E.coli sequence data allow one to compute the parameters for Markov models up to the fifth order, reflecting hexamer statistics for each of the six possible phases (frames). The gene prediction by GeneMark is characterized by a high level of accuracy; recently, this method has been used to improve the quality of gene prediction in one of the E.coli genome projects (4, (26) (27) (28) .
The extrinsic approach to gene prediction includes a comparison of the putative encoded amino acid sequence with protein sequence databases and a search for functional motifs. If a putative ORF product shows significant sequence similarity to one or more proteins in the database, it is almost certain that the ORF in question is a real gene.
Combining the extrinsic and intrinsic approaches has the potential of enhancing the reliability of the results obtained with each of them and is important for extracting maximum information from genomic sequences.
Here we present the results of our analysis of the complete set of unannotated sequences that are located between the annotated genes in the EcoSeq6 database using GeneMark for predicting putative coding regions and BLAST as well as motif search methods for detecting sequence similarities to proteins in the current databases. The combination of these two approaches is featured as a strategy for identifying new genes in bacterial chromosomes.
METHODS

Prediction of expressed ORFs using GeneMark
The GeneMark method (24, 25) was used to predict potential expressed ORFs in unannotated DNA sequences from the EcoSeq6 database (2) . Let S be a nucleotide sequence of length n ('Si,s 2 ,...,s n '); let n be a multiple of 3. GeneMark computes the probabilities (P h i = 1,2,..,7) of seven mutually exclusive states of S, namely: -S is a protein-coding region, with Sj being the first, second or third position of a codon (states 1 through 3); -S does not code for a protein but its complement codes for a protein, with s n being the third, second or first position of a triplet complementary to an actual codon (states 4 through 6); -neither S nor its complement codes for a protein (state 7).
Computing of P, includes two steps. First, auxiliary probabilities F, (i = 1,2,..,7) are computed using Markov models. F, is the probability of finding S in an infinite sequence that is in the state /. Coding regions and non-coding regions that are complementary to coding regions are described by phased Markov models; sequences that do not code for proteins and are not complementary to protein-coding sequences are described by an ordinary Markov model. A phased (non-homogeneous) Markov model incorporates the weak three-base periodicity that is observed in coding sequences or in non-coding sequence which are complementary to real genes (11, 24, 25, 29, 30) . In particular, the phased Markov model of a coding sequence reflects the differences in the oligonucleotide statistics when the oligonucleotides are counted separately for each of the three possible reading frames (in-phase-oligonucleotides).
Parameters of Markov models (transition probabilities) are estimated based on oligonucleotide statistics in training sets. The currently available E.coli sequence data allow one to derive parameters for ordinary or phased Markov models up to the fifth order.
For the first order Markov model, we have: are the respective transition (conditional) probabilities of nucleotide Sj succeeding nucleotide s k determined for the three codon positions in phase 1 (these probabilities reflect 'in-phase' dinucleotides frequencies) and F^S)) is the initial probability of nucleotide Sj. The F 1 values are defined from the training set of protein-coding sequences. Probabilities F 2 and F 3 are determined by a similar equation, with the superscript index permutation.
The probabilities of states 4 to 6, in which S is non-coding but is the complement of a protein-coding sequence, are computed similarly. For instance: -.^i I.LL Figure 1 . Distribution of GeneMark probability value for the set of known genes and for the set of ORFs in intcrgenic regions of EcoSeq6. The genes and intergenic regions were defined as annotated in EcoSeq6 and the scores were computed for 1,305 genes and 3,272 ORFs larger than 100 nt in the unannotated regions. The ORFs in different phases could overlap. The computation was made using the Class I gene model. The open rectangles show the prediction for known genes and the filled rectangles show the prediction for ORFs in the unannotated regions. which includes transition probabilities determined for the three position in triplets complementary to actual codons. F$(s{) is the initial probability of a nucleotide Si in non-coding sequence complementary to a real gene. The F 1 values are defined from the training set of non-coding sequences complementary to real protein-coding regions. Probabilities F5 and F 6 are again determined by equations similar to (2) with superscript index permutation.
Finally, the probability that S is non-coding and is not a complement of a protein-coding sequence is given by a formula using an ordinary Markov model: Here, the transition probabilities F N do not depend on a nucleotide position in a sequence and are estimated from the dinucleotide frequency statistics computed from a set of DNA sequences which do not code for a protein and are not complementary to coding sequences.
At the second step of the GeneMark calculation, F t values are used to compute P, (i = 1,2,...7), i.e. probabilities that S actually is in one of the seven possible states. P t are determined using the Bayes formulae:
/?,-(i = 1,2,... ,7) are a priori probabilities of each of the seven states. We assume R 7 =l/2 (probability of an arbitrary sequence being non-coding) and /?, = 1/12 for i = 1,2,..., 6 .
Generalization of equations (l)-(4) to higher order Markov models is straightforward.
For each of the explored intergenic regions, the GeneMark program determines the set of all possible ORFs. For each of them, the average value of the probability function P-t (hereinafter GeneMark score) is computed using a sliding window of 96 nucleoudes and a step of 12 nucleotides; the index i (i = 1,2,...,6) corresponds to the phase of the given ORF. If the GeneMark score is higher than the chosen cut-off, the ORF is included in the list of predicted genes. We found that the score of 0.4 is the most useful cut-off for GeneMark prediction (see below).
We assume that only one of these six possible reading frames actually encodes a protein. This assumption is important as a real gene may 'cast a shadow' on the complementary strand, giving it some statistical characteristics of a gene. Specifically, as the reverse complement of the three stop codons are rarely used codons, a shadow phase (e.g. phase 4 if the actual gene is in phase 1) frequently may contain relatively long ORFs. In addition, the reverse complement of the common RNY codon pattern is also RNY (see ref. 8 for details). However, the shadow frame has a lower probability of being a coding region than the frame that casts the shadow and GeneMark consistently identifies the most likely frame.
GeneMark is well suited to detect putative frameshift errors in DNA sequences -such an error should be suspected each time when an ORF prediction switches from one phase to another in the same DNA strand instead of reaching a termination codon in the original phase.
The current version of GeneMark takes into account the nonhomogeneity of the E.coli gene set. Using Factorial Correspondence Analysis, E.coli genes have been partitioned into three classes differing by their codon usage (31, 32) . Class I includes genes that typically are expressed at a low or moderate level; class II includes genes that are constitutively expressed at a high level; and class HI includes genes that apparently have been acquired by horizontal gene transfer ('foreign' genes). Generation of separate training sets for Class I and Class HI genes resulted in a significant improvement in the performance of GeneMark. When the set of E.coli genes was divided into classes, the Class I model produced GeneMark scores greater than 0.4 for 99.9% of the Class I genes, 99.1% of the Class II genes, and only 55.4% of the Class HI genes. With the Class m model, scores greater than 0.4 were obtained for 97.6% of the Class I genes, 97.3% of the Class II genes, and 88.1% of Class HI genes (M.Borodovsky, J.McIninch, C.Medigue and A.Danchin, unpublished). Even though a high accuracy of Class III gene prediction could not be achieved with any of the models, presumably because of the heterogeneity of this gene set, it is obvious that for reliable analysis of an uncharacterized E. coli sequence, GeneMark should be run twice using the Class I and Class El gene models, respectively.
Database searches
Daily updated nucleotide and protein sequence databases were used as implemented at the National Center for Biotechnology Table 1 . Relationships between the prediction of coding regions using GeneMark and detection of sequence similarity using BLAST for the unannotated sequences in the EcoSeq6 database number percent 8 total unannotated sequence segments in EcoSeq6 putative genes predicted by GeneMark including class I+D ('native') class III ('foreign') corroborated by BLAST including class I+D ('native') class HI ('foreign') not corroborated by BLAST including class I + n ('native') class in ('foreign') similarities detected by BLASTX and TBLASTN including corroborated by GeneMark prediction not corroborated by GeneMark prediction Information (NCBI, NIH). A 'non-redundant' nucleotide database merges non-identical entries from GenBank and EMBL databases; and the 'non-redundant' protein sequence database is a merger of non-identical sequences from PIR and SWISS-PROT as well as additional protein sequences annotated in the feature tables of the GenBank and EMBL databases.
All the sequences without annotated protein-coding regions were extracted from the EcoSeq6 database and compared with the non-redundant protein sequence database using the BLASTX program based on the BLAST algorithm (33) (34) (35) . BLASTX compares the conceptual translation of a nucleotide sequence in all six possible reading frames with a protein database. The searches were performed using the BLOSUM62 matrix for amino acid residue comparison that recently has been shown to ensure high sensitivity in the detection of subtle similarities between amino acid sequences (36, 37) . The SEG program was used to filter the translated query sequences to remove low complexity (compositionally biased) segments that produce erratic results in database searches (35, 38) . BLASTX is instrumental in detecting putative frameshift errors; a frameshift is predicted whenever the similarity to a single protein sequence switches from one frame to another in the same strand of the query DNA sequence (34) .
Two a priori cut-off values were chosen in order to assess the significance of the observed sequence similarities. The BLAST hits with the probability of occurrence by chance (P) below 10~4 were considered to be indicative of homology. Obviously, even with the complete set of the E.coli proteins (about 4,500), it is unlikely that more than one BLAST hit with such a P value would turn out to be a false positive. However, as the sensitivity of the BLAST search is limited, with multiple alignment methods being much more sensitive, all hits with P values between 10~' and 10" 4 were subjected to further scrutiny. To this end, multiple sequence alignments were generated using the MACAW program (39) .
Those ORFs that have been predicted to be genes by GeneMark, but were not supported by the initial database screening using BLASTX, were subjected to an additional database search using the TBLASTN program that compares an amino acid sequence with the conceptual translation of a DNA database in all six frames (35) .
Database searches with the BLAST programs were combined with search for sequence patterns by using the BLA program that detects patterns that are conserved in BLAST outputs (40) . The motifs were from the PROSITE library (41) , but several motifs with low information content (e.g. phosphorylation and glycosylation sites) were omitted from the search whereas several new motifs were added to the library. 
RESULTS AND DISCUSSION
Analysis of the unannotated regions in the EcoSe6 database using GeneMark
GeneMark was run for the set of genes annotated in EcoSeq6 and for the set of ORFs longer than 100 nt found in the unannotated regions (see Methods). The resulting distribution of GeneMark scores is shown in Figure 1 . These data show that with the Class I gene model, 93.7% of the known coding regions have scores greater than 0.4 whereas 88.7% of unannotated ORFs have scores below 0.4. Some of the known genes belong to Class TTT and some are short fragments for which a reliable prediction could not be obtained. Both of these groups contribute to the observed false negative rate of about 6.3 %. Therefore the score of 0.4 appears to be a reasonable cut-off for GeneMark prediction. However, the relatively high apparent false positive rate of about 11.3% and especially the fact that a number of ORFs in the unannotated regions had a score greater than 0.8, well into the score range typical of known genes (Fig. 1) , suggested that some of these ORFs are likely to be undetected genes. Characterization of these putative new genes is the goal of this study.
Matching GeneMark predictions with sequence similarities
The principal part of our analysis included matching the predictions of expressed ORFs by GeneMark with the results of database searches for amino acid sequence similarity using BLAST. The EcoSeq6 database (2) contains 1,278 unannotated regions with a total length of 359,279 basepairs located between the annotated genes. In these sequences, GeneMark identified 354 ORFs as putative genes. The comparison of GeneMark predictions with BLAST search results for this set of DNA sequences is summarized in Table 1 . Almost 90 percent of the BLAST hits were supported by GeneMark prediction. Among the 26 BLAST hits that had no counterpart among the putative genes predicted by GeneMark, 17 were small portions of ORFs no longer than 30 codons. For sequences of this size, the GeneMark prediction could not be expected to be reliable (24, 25) . Over one half of the GeneMark predictions were supported by sequence similarity analysis. This may be an underestimate of the actual number of gene products with similarity to proteins in the databases as many of the coding sequences found in the unannotated regions are 5'-or 3'-terminal portions of genes that typically are less conserved than internal regions.
An important question is what fraction of the predictions made
by GeneMark alone correspond to real genes. The following evidence, though indirect, suggests that this fraction is high. The set of putative expressed ORFs detected by GeneMark resembles the set of known E. coli genes in more than one respect. First, the fraction of 'foreign' genes (about 13%) was close to the previous estimate of about 11 .5% obtained with a set of 782 E. coli genes (Table 1; ref. 31) . Second, the fraction of putative new proteins with homologues in sequence databases (which may actually reach about 60%, taking into account the lower search sensitivity with incomplete sequences) is close to the recent estimates of such genes in E.coli and yeast (42, 43) . Furthermore, 72 putative new gene products (20% of the GeneMark predictions) belong to ancient protein families that include both eubacterial and eukaryotic members. This is nearly identical to the overall proportion of such highly conserved sequences among eubacterial proteins in the SWISS-PROT database (44) . Thus many of the putative expressed ORFs that are predicted by GeneMark, but show no significant sequence similarity to proteins in the current databases, nevertheless are likely to be real genes.
The number of genes in unannotated regions from EcoSeq6 may be only slightly smaller than the sum of the expressed ORFs predicted by GeneMark and those BLAST hits that have not been supported by GeneMark, totaling up to 380. EcoSeq6 contains 1,440 recognized genes (2) . Thus a substantial proportion of E.coli genes are actually present in EcoSeq6, at least as partial sequences, but were not explicitly identified at the time when this database was being compiled.
Among the 206 putative genes for which our BLAST search revealed significant similarities, over one half have been described in the literature since the release of EcoSeq6 (mostly as 'uncharacterized ORFs'), but about 70 are, to our knowledge, unreported. Table 2 summarizes the information on these new genes in the unannotated sequences from EcoSeq6. We used the systematic nomenclature for E.coli ORFs (2), with each ORF name starting with the letter 'y' and the next two letters indicating the approximate position on the genome. Incomplete ORFs are indicated by a prime.
New functional identifications
The set of predicted new genes included those coding for enzymes of intermediate metabolism, different types of ATPases, dehydrogenases, membrane proteins (putative permeases), methyltransferases, and different types of regulatory proteins Figure 2 . The PIR Accession Number for ORF0, the SWISS-PROT Accession Number for GNTR and the GenBank Accession Number for the sequence encoding YgaE' are indicated.
( Table 2 ). The search for conserved functional motifs revealed, predictably, the wide-spread ATPase, NAD-binding, S-adenosylmethionine (SAM)-binding, and helix-turn-helix motifs as well as some motifs that are less common in bacterial proteins, e.g. Zn finger (Table 2 and see below). Thus this set apparently was reasonably representative of functional classes of bacterial proteins and included members of a number of well known and wide-spread protein families.
The majority of the long ORFs present in the sequenced portions of the E. coli chromosome already have been described as either actual or at least putative genes. What is likely to be discovered in the unannotated regions falls into several categories: i) incomplete gene sequences encoding N-terminal or C-terminal regions of proteins; ii) complete small ORFs; iii) extensions of previously described ORFs that have not been identified due to sequencing errors or utilization of an unusual initiation codon; iv) new long ORFs masked by frameshifts or other sequencing errors. In each of these situations, finding highly significant sequence similarity is less likely than it is for an average E.coli protein. Nevertheless, the set of putative new genes identified in this study included all these cases and while a complete discussion of the new identifications is beyond the scope of this work, we describe typical examples of each.
N-terminal fragments of new proteins. The putative protein YchM' (end prs; encoded upstream of the prs gene in the complementary strand; Fig. 2A ) was related to two membrane proteins, namely early nodulin from soybean and human DRA protein that is down-regulated in colon tumors (refs. 45, 46; Fig.  2B and Table 2 ). The observed similarity was by far higher than it could be expected based solely on the presence of transmembrane segments and suggested a not yet discovered common function for these proteins. The putative protein YgaE' (gaW_end; encoded downstream of gabP) was strongly similar to an uncharacterized ORF product from Pseudomonas sp. and both these sequences were moderately similar to the GNTR family of helix-turn-helix motifcontaining transcription regulators ( Fig. 3 and Table 2 ). The conservation in the predicted helix-turn-helix motif was particularly striking (Fig. 3) . Accordingly, it is likely that YgaE' is a new transcription regulator in E. coli, whereas ORF 0 product of Pseudomonas, which is encoded upstream of the biphenyl degradation operon, may be involved in the transcription regulation of this operon. In this case, analysis of portions of new genes in the unannotated regions of the E. coli genome helps in functional identification of complete, but uncharacterized genes in other bacteria.
C-terminal fragments of new proteins.
The putative protein YhfF', encoded in end yhfA, upstream of yhfA, was related to several bacterial phoshoporibulokinases (Fig. 4 and Table 2 ). This case is illustrative of the complications arising in sequence analysis of terminal regions of proteins. While YhfF' showed significant similarity only to proteins from other Gram-negative bacteria, the latter were related also to eukaryotic phosphoribulokinases (47) , indicating that YhfF' actually belongs to a conserved protein family.
A more unusual case of sequence conservation in a C-terminal fragment of a new protein was observed with YggI' which is encoded in end endA, upstream of the endA gene. YggI' is significantly similar to the eukaryotic Zn finger domains of the Kruppel type (Fig. 5 and Table 2 ). Kriippel proteins contain numerous repeats of a C 2 H 2 Zn finger unit (48) . YggI' contains a CHC 2 finger-like pattern that aligns with the cysteine pairs of two adjacent fingers in the Kruppel proteins; in each of the two histidine pairs that are present in this region of Kriippel proteins and are involved in finger formation, only one histidine is conserved in YggI' (Fig. 5) . Thus the single finger domain of YggI' could have evolved from a repetitive Kruppel-like structure as the result of mutations eliminating part of the Zn ligands. Kruppel proteins are mostly developmental regulators (48) and by inference, it seems likely that YggI' may be involved in regulation of gene expression in E.coli.
Extension of previously described ORFs. In several cases, combined analysis by GeneMark and BLAST allowed us to extend an ORF previously described by others and to predict the function of its product. For example, GeneMark analysis indicated that the nucleotide sequence upstream of the uncharacterized ORF yggC (in the yggC_yggD region) was likely to be expressed (Fig. 6A) . Translation of this region revealed an uninterrupted reading frame that showed highly significant similarity to E.coli panthothenate kinase and more distant similarities to several other kinases, strongly suggesting that the product of the extended ORF yggC is a new kinase ( Fig.  6B and Table 2 ). The principal NTP-binding motif (Fig. 6B) is encoded in the upstream portion of the putative new gene that has been assumed not to be expressed (49) . It is likely that this, apparently incomplete identification of the coding region was due to not taking into account of the possibility of translation initiation from a GTG codon that we now believe is used for the expression of the yggC gene (data not shown).
Complete small genes. The sequence downstream of the CspA gene (region cspA end) contained, in the complementary strand, a complete small (51 codons) ORF coding for the putative protein YiaZ. YiaZ is closely related to the Gef family of cell-killing membrane proteins (Fig. 7 and Table 2 ). By all likelihood, the product of this gene is the third, in addition to RelF and Gef (50) , member of this family encoded in the E.coli chromosome. Again, one of the reasons why this gene has not been described previously may be that its translation is likely to be initiated from a GTG codon. The yiaZ gene was predicted by GeneMark only weakly and only by the version trained on foreign (class HI) genes (data not shown). The weak prediction may be attributed to the large variance of the GeneMark function value for short sequences (24, 25 is plausible as most of the other members of this family (Fig.  7) are plasmid proteins.
CONCLUSIONS AND PROSPECTS
In this work we have analyzed the unannotated regions of the E.coli genome using two complementary approaches, namely prediction of the coding potential by GeneMark program based on Markov chain models and database searches using BLAST and motif search programs. We were interested in assessing the congruency of the results obtained with each of these methods. The great majority of the ORFs that were related to known proteins were also predicted to be real genes by GeneMark. Conversely, slightly more than one half of the GeneMark predictions were supported by significant sequence similarity. With respect to the proportion of genes belonging to classes I, II and HI, and the fraction of the genes that have homologues in the sequence databases, the set of putative genes predicted by GeneMark resembled the set of genuine E.coli genes. This leads to the conjecture that even prediction by GeneMark alone may be an indication that an ORF in E.coli DNA is a real gene. It is worth mentioning that the results of this and similar studies will be useful for improving the assessment of GeneMark accuracy by providing better control sets of non-coding sequences. Obviously, if the predicted new genes that have been detected by both GeneMark and by BLAST are subtracted from the unannotated regions in EcoSeq6, this will significantly reduce the apparent false positive rate. It is expected that with the accumulation of sequence and biochemical data, an increasing number of ORFs about which we know nothing other than a high GeneMark score will prove to be real genes. Thus the false positive rate of GeneMark prediction is likely to converge to a low value which cannot be precisely predicted at this time.
This analysis shows that unannotated regions of the E.coli chromosome are a rich source of new genes. After this work has been completed, we became aware of two recent studies, one of which has focused on detecting sequence conservation in uncharacterized regions of bacterial DNA (51) and the other one on identifying coding regions using Hidden Markov Models (52). Many of the new genes identified here have been independently described in these studies. The more general aspects of our strategy for gene identification in a bacterial genome are described in a separate publication (53) . The approach to gene finding that combines intrinsic and extrinsic analysis is likely to become increasingly important with further progress of genome sequencing projects.
NOTE
The putative new protein sequences that were identified in this study have been submitted to the SWISS-PROT database. These sequences in FASTA format, accompanied by the SWISS-PROT identifiers and Accession numbers are also available via anonymous FTP at ncbi.nlm.nih.gov in the directory repository/Eco/GeneMark. The GeneMark program can be used via E-mail server (genmark@ford.gatech.edu). The server now implements the described approach, combining coding region prediction using GeneMark and sequence similarity search, for gene identification in several bacterial and eukaryotic species. 
